In this paper we describe an unsupervised WordNet-based Word Sense Disambiguation system, which participated (as UMND1) in the SemEval-2007 Coarsegrained English Lexical Sample task. The system disambiguates a target word by using WordNet-based measures of semantic relatedness to find the sense of the word that is semantically most strongly related to the senses of the words in the context of the target word. We briefly describe this system, the configuration options used for the task, and present some analysis of the results.
Introduction
WordNet::SenseRelate::TargetWord 1 (Patwardhan et al., 2005; Patwardhan et al., 2003) is an unsupervised Word Sense Disambiguation (WSD) system, which is based on the hypothesis that the intended sense of an ambiguous word is related to the words in its context. For example, if the "financial institution" sense of bank is intended in a context, then it is highly likely the context would contain related words such as money, transaction, interest rate, etc. The algorithm, therefore, determines the intended sense of a word (target word) in a given context by measuring the relatedness of each sense of that word with the words in its context. The sense of the target word that is most related to its context is selected as the intended sense of the target word. The system uses WordNet-based measures of semantic relatedness 2 (Pedersen et al., 2004) to measure the relatedness between the different senses of the target word and the words in its context. This system is completely unsupervised and requires no annotated data for training. The lexical database WordNet (Fellbaum, 1998 ) is the only resource that the system uses to measure the relatedness between words and concepts. Thus, our system is classified under the closed track of the task.
System Description
Our WSD system consists of a modular framework, which allows different algorithms for the different subtasks to be plugged into the system. We divide the disambiguation task into two primary subtasks: context selection and sense selection. The context selection module tries to select words from the context that are most likely to be indicative of the sense of the target word. The sense selection module then uses the set of selected context words to choose one of the senses of the target word as the answer. Figure 1 shows a block schematic of the system, which takes SemEval-2007 English Lexical Sample instances as input. Each instance is a made up of a few English sentences, and one word from these sentences is marked as the target word to be disambiguated. The system processes each instance through multiple modules arranged in a sequential pipeline. The final output of the pipeline is the sense that is most appropriate for the target word in the given context. 
Data Preparation
The input text is first passed through a format filter, whose task is to parse the input XML file. This is followed by a preprocessing step. Each instance passed to the preprocessing stage is first segmented into words, and then all compound words are identified. Any sequence of words known to be a compound in WordNet is combined into a single entity.
Context Selection
Although each input instance consists of a large number of words, only a few of these are likely to be useful for disambiguating the target word. We use the context selection algorithm to select a subset of the context words to be used for sense selection. By removing the unimportant words, the computational complexity of the algorithm is reduced.
In this work, we use the NearestWords context selection algorithm. This algorithm algorithm selects 2n + 1 content words surrounding the target word (including the target word) as the context. A stop list is used to identify closed-class non-content words. Additionally, any word not found in WordNet is also discarded. The algorithm then selects n content words before and n content words following the target word, and passes this unordered set of 2n + 1 words to the Sense Selection module.
Sense Selection Algorithm
The sense selection module takes the set of words output by the context selection module, one of which is the target word to be disambiguated. For each of the words in this set, it retrieves a list of senses from WordNet, based on which it determines the intended sense of the target word.
The package provides two main algorithms for Sense Selection: the local and the global algorithms, as described in previous work (Banerjee and Pedersen, 2002; Patwardhan et al., 2003) . In this work, we use the local algorithm, which is faster and was shown to perform as well as the global algorithm.
The local sense selection algorithm measures the semantic relatedness of each sense of the target word with the senses of the words in the context, and selects that sense of the target word which is most related to the context word-senses. Given the 2n + 1 context words, the system scores each sense of the target word. Suppose the target word t has T senses, enumerated as t 1 , t 2 , . . . , t T . Also, suppose w 1 , w 2 , . . . , w 2n are the words in the context of t, each having W 1 , W 2 , . . . , W 2n senses, respectively. Then for each t i a score is computed as
where w jk is the k th sense of word w j . The sense t i of target word t with the highest score is selected as the intended sense of the target word.
The relatedness between two word senses is computed using a measure of semantic relatedness defined in the WordNet::Similarity software package (Pedersen et al., 2004) , which is a suite of Perl modules implementing a number WordNet-based measures of semantic relatedness. For this work, we used the Context Vector measure (Patwardhan and Pedersen, 2006) . The relatedness of concepts is computed based on word co-occurrence statistics derived from WordNet glosses. Given two WordNet senses, this module returns a score between 0 and 1, indicating the relatedness of the two senses.
Our system relies on WordNet as its sense inventory. However, this task used OntoNotes (Hovy et al., 2006) as the sense inventory. OntoNotes word senses are groupings of similar WordNet senses. Thus, we used the training data answer key to generate a mapping between the OntoNotes senses of the given lexical elements and their corresponding WordNet senses. We had to manually create the mappings for some of the WordNet senses, which had no corresponding OntoNotes senses. The sense selection algorithm performed all of its computations with respect to the WordNet senses, and finally the OntoNotes sense corresponding to the selected WordNet sense of the target word was output as the answer for each instance.
Results and Analysis
For this task, we used the freely available WordNet::SenseRelate::TargetWord v0.10 and the WordNet::Similarity v1.04 packages. WordNet v2.1 was used as the underlying knowledge base for these. The context selection module used a window size of five (including the target word). The semantic relatedness of concepts was measured using the Context Vector measure, with configuration options as defined in previous research (Patwardhan and Pedersen, 2006 ). Since we always predict exactly one sense for each instance, the precision and recall values of all our experiments were always the same. Therefore, in this section we will use the name "accuracy" to mean both precision and recall.
Overall Results, and Baselines
The overall accuracy of our system on the test data is 0.538. This represents 2,609 correctly disambiguated instances, out of a total of 4,851 instances.
As baseline, we compare against the random algorithm where for each instance, we randomly pick one of the WordNet senses for the lexical element in that instance, and report the OntoNotes senseid it maps to as the answer. This algorithm gets an accuracy of 0.417. Thus, our algorithm gets an improvement of 12% absolute (29% relative) over this random baseline.
Additionally, we compare our algorithm against the WordNet SenseOne algorithm. In this algorithm, we pick the first sense among the WordNet senses of the lexical element in each instance, and report its corresponding OntoNotes sense as the answer for that instance. This algorithm leverages the fact that (in most cases) the WordNet senses for a particular word are listed in the database in descending order of their frequency of occurrence in the corpora from which the sense inventory was created. If the new test data has a similar distribution of senses, then this algorithm amounts to a "majority baseline". This algorithm achieves an accuracy of 0.681 which is 15% absolute (27% relative) better than our algorithm. Although this seemingly naïve algorithm outperforms our algorithm, we choose to avoid using this information in our algorithms because it represents a large amount of human supervision in the form of manual sense tagging of text, whereas our goal is to create a purely unsupervised algorithm. Additionally, our algorithms can, with little change, work with other sense inventories besides WordNet that may not have this information.
Results Disaggregated by Part of Speech
In our past experience, we have found that average disambiguation accuracy differs significantly between words of different parts of speech. For the given test data, we separately evaluated the noun and verb instances. We obtained an accuracy of 0.399 for the noun targets and 0.692 for the verb targets. Thus, we find that our algorithm performs much better on verbs than on nouns, when evaluated using the OntoNotes sense inventory. This is different from our experience with SENSEVAL data from previous years where performance on nouns was uniformly better than that on verbs. One possible reason for the better performance on verbs is that the OntoNotes sense inventory has, on average, fewer senses per verb word (4.41) than per noun word (5.71). However, additional experimentation is needed to more fully understand the difference in performance.
Results Disaggregated by Lexical Element
To gauge the accuracy of our algorithm on different words (lexical elements), we disaggregated the results by individual word. Table 1 lists the accuracy  values over instances of individual verb lexical elements, and Table 2 lists the accuracy values for noun lexical elements. Our algorithm gets all instances correct for 13 verb lexical elements, and for none of the noun lexical elements. More generally, our algorithm gets an accuracy of 50% or more on 45 out of the 65 verb lexical elements, and on 15 out of the 35 noun lexical elements. For nouns, when the accuracy results are viewed in sorted order (as in Table  2 ), one can observe a sudden degradation of results between the accuracy of the word system.n -0.443 -and the word source.n -0.257. It is unclear why there is such a jump; there is no such sudden degradation in the results for the verb lexical elements.
Conclusions
This paper describes our system UMND1, which participated in the SemEval-2007 Coarse-grained English Lexical Sample task. The system is based on WordNet::SenseRelate::TargetWord, which is a freely available unsupervised Word Sense Disambiguation software package. The system uses WordNet-based measures of semantic relatedness to select the intended sense of an ambiguous word. The system required no training data and using WordNet as its only knowledge source achieved an accuracy of 54% on the blind test set.
